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ABSTRACT To realize fast-and, effective synthetic aperture radar (SAR) deception jamming, it is essential to generate a
high-quality library of SAR deeeption jamming templates, which can be achieved through sample augmentation on SAR
deception jamming templates.'Sample augmentation refers to the process of creating new, artificially generated templates by
applying various/techniques to existing SAR templates, thus expanding the available data and improving the robustness of the
jamming process,/However, the current schemes for sample augmentation of SAR deception jamming templates face several
challenges. One of the main issues is that the authenticity of the generated templates is low because they lack realistic speckle
noise, which is a natural feature in SAR images. Speckle noise is typically caused by random interference in the radar signal
and is an inherent characteristic of SAR imagery. Without this noise, the generated templates fail to convincingly mimic real
SAR data. Another issue is that the generated templates often exhibit low similarity to the target and shadow areas in the
input templates. The target and shadow regions are crucial for SAR jamming since they contribute to the overall realism of
the jamming effect. Low similarity in these regions can reduce the effectiveness of the jamming and make it easier for the

enemy to detect the deception.To address these challenges, this study proposed an advanced sample augmentation scheme

Wi HA:
BOEE . b [E b JR R 5 A S BRI 26 % T . (Na A132003W02)
Hodib: BT X 2E RS 30 5 BRI ZRAS : 100083 HiE: 010-62333436

E-mail: xuebaozr@ustb.edu.cn http://cje.ustb.edu.cn



based on generative adversarial networks (GANSs), which has the capability to generate high-quality SAR deception jamming
templates with realistic shadows. GANs are a class of deep learning models known for their ability to generate new data by
learning from existing data, making them well-suited for sample augmentation tasks. The proposed scheme tackles the two
main issues in the following ways. First, the influence of speckle noise was incorporated into the network architecture,
enabling the model to generate images that closely resemble real SAR imagery. This inclusion of speckle noise prevents the
problem of low authenticity in the generated templates and enhances their realism. Second, a channel attention mechanism
module was introduced into the GAN architecture to improve the model's ability to focus on and learn shadow features.
Shadows play a vital role in the structure and appearance of SAR images, and the attention mechanism ensures that the model
pays more attention to the shadow areas during the learning process. As a result, the generated templates exhibit a higher
similarity to the target and shadow areas in the input templates, improving the quality of the augmented samples.To evaluate
the performance of the proposed scheme, a comprehensive comparison was made between the SinGAN, which is a
generative adversarial network designed for image sample augmentation of a single SAR image, thendenoising diffusion
probabilistic models (DDPM), which are generative models that reverse a gradual noising process‘togenerate high-quality
samples, and the proposed scheme. The evaluation was based on three key metrics: the €quivalent number of looks (ENL),
correlation coefficient (CC), and the gradient-based structural similarity (GSSIM) between the target and shadow regions in
the augmented templates. These metrics were chosen to assess the quality, realism, and similarity of the generated templates.
The comparison results demonstrated that the templates generated by the propesed’scheme outperformed those generated by
SinGAN and DDPM in terms of authenticity and similarity to the original target and shadow regions. Specifically, the
proposed scheme was able to generate templates that more closely resembled_the real SAR images, incorporating both the
speckle noise and the shadow features effectively. These improvements/ make the proposed approach more suitable for
achieving fast and effective SAR deception jamming, providing,a powerful tool for enhancing the realism and effectiveness

of SAR-based jamming operations.
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Fig.3 Structural diagram of the discriminator
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Fig.4 Real image and three generated samples. (a)real image; (b)generated sample 1; (c)generated sample 2; (d)generated
sample 3
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Table 1 Comparison of images evaluation indicators of this scheme

Image ENL GSSIM CcC

Figure.4(a) 2.5604 —
Figure. 4(b) 1.9764 0.9518 0.9964
Figure.4(c) 1.9090 0.9516 0.9963
Figure.4(d) 1.9092 0.9546 0.9967
Average 1.9315 0.9527 0.9965

Similarity 0.7544 0.9527 0.9965
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Fig.5 Real image‘and three generated samples. (a) real image; (b) generated sample 1; (c) generated sample 2; (d)
generated sample 3
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Table 2 Comparison of images evaluation indicators of this scheme

Image ENL GSSIM CcC
Figure.5(a) 3.0648 — —
Figure.5(b) 2.8589 0.8562 0.9060
Figure.5(c) 2.4291 0.9117 0.9543
Figure.5(d) 2.3734 0.8200 0.9036

Average 2.5538 0.8626 0.9213
Similarity 0.8333 0.8626 0.9213
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Fig.6 Real image andthree generated samples. (a) real image; (b) generated sample 1; (c) generated sample 2; (d)
generated sample 3
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Table 3 Comparison of images evaluation indicators of SInGAN scheme

Image ENL GSSIM CcC
Figure.6(a) 2.5604 — —
Figure.6(b) 1.6197 0.8681 0.9815
Figure.6(c) 1.6324 0.8652 0.9810
Figure.6(d) 1.6421 0.8620 0.9807

Average 1.6314 0.8651 0.9811

Similarity 0.6371 0.8651 0.9811
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Fig.7 Real image and three generated samples. (a) real image; (b) generated sample 1; (c) generated sample 2; (d)
generated sample 3
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Table 4 Comparison of images evaluation indicators of SInGAN scheme

Image ENL GSSIM CcC
Figure.6(a) 2.5604 — —
Figure.6(b) 1.9169 0.5576 0.3571
Figure.6(c) 1.9301 0.5722 0.2373
Figure.6(d) 1.8258 0.5425 0.1951

Average 1.8909 0.5574 0.2632

Similarity 0.7385 0.5574 0.2632
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Fig.8 Real image and thrée génerated samples. (a) real image; (b) generated sample 1; (c) generated sample 2; (d)
generated sample 3
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Table 5 Comparison of images evaluation indicators of SInGAN scheme

Image ENL GSSIM CcC
Figure.6(a) 2.5604 — —
Figure.6(b) 1.9075 0.5523 0.3548
Figure.6(c) 1.9156 0.5425 0.2158
Figure.6(d) 1.8741 0.5217 0.1874

Average 1.8991 0.5388 0.2527
Similarity 0.7417 0.5388 0.2527

R 5 PSR EIR, AR R 46 B R 2 18] 1) GSSIM A1 CC [IARLLEE 73 711 0.5388 Al
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9 ESLEMEAF 3 GREE IR T AR AR XS LG . (@) B SRR ()T AR 15 (c) BRI THAEMR 2;(d)
BT PUBAR 3
Fig.9 Real image'and three generated samples. (a) real image; (b) generated sample 1; (c) generated sample 2; (d)
generated sample 3
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Table 6 Comparison of images evaluation indicators of SInGAN scheme

Image ENL GSSIM CcC
Figure.6(a) 2.5604
Figure.6(b) 1.9311 0.5486 0.3369
Figure.6(c) 1.9185

0.5356 0.2247



Figure.6(d) 1.7988 0.5145 0.1685
Average 1.8828 0.5329 0.2434

Similarity 0.7353 0.5329 0.2434

% 6 PSR R, B BERUR R A6 22 1910 GSSIM I CC HIATILEE 52 314 0.5329 A1
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Fig.10 Real image and three generated samples. (a) real image; (b) generated sample 1; (c) generated sample 2; (d)

generated sample 3
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Table 7 Comparison of images evaluation indicators of SInGAN scheme

Image ENL GSSIM CcC




Figure.6(a) 2.5604 — —

Figure.6(b) 1.6677 0.5998 0.6492
Figure.6(c) 1.7150 0.5710 0.6353
Figure.6(d) 0.5637 0.5514 0.8903

Average 1.3155 0.5741 0.7249
Similarity 0.5138 0.5741 0.7249

7T HERER, B 10@)FTRELSEEEK ENL 4 2.5604, AR A2 SAR 0 T4
FEMR ) ENL 435518 1.6677. 1.7150 F10.5637, “F¥ME N 1.3155. A AR 5 IR 46 B4 172
ENL [({EAAE R EZR, MLFEEICN 51.38%. X—45 REH, AR EL BT i Hi i 5 i 32 B0
HR S AR T BEME s, PR SRR E .

X T JE A6 BRI A BT SAR B T HEAEAR, 1H 5 B AR AP 2 X 38 GSSIMLAT CC [{i . [ 4h
G RN AR R AR 1) E A A0 BH 52 X5 GSSIM AE 73731 4 0.5998 0.5710 110755145 S 351E R
0.5741, F WA BRIARAR RN 46 B 2 8D PR 2 S AR AL PR LG, SR 57.41%5 Tl s PG RN A= A
B G H A AT 9 5 X2k A 5% R 3020 59008 0.6492. 0.6353 A1 0.89034 SEXME N 0.7249, i W AE 1k
FRARSEAR AN R 0 RS 2 1) AR AL FE A, Ol 72.49%. BRI, SinGAN 7574 ik ) B A 915216 SAR Kk
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Denoising Diffusion Probabilistic Models (DDPM) 1252648 il T 2 0 4b (1 5 /R m] REE AL AL,
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Fig.11 Real image and three generated samples. (a) real image; (b) generated sample 1; (c) generated sample 2; (d)

generated sample 3
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Table 8 Comparison of images evaluation indicators of DDPM scheme

Image ENL GSSIM CcC
Figure. 7(a) 2.5604 — —
Figure. 7(b) 1.5175 0.9501 0.9814
Figure. 7(c) 1.6091 0.9125 09628
Figure. 7(d) 1.5786 0.8897 0.9542

Average 1.5684 0.9174 0.9661
Similarity 0.6126 09174 0.9661

K 8 IS R aT LAE H, AR HIBR 5 a6 A B 11(a) 8, ENL fEy, GSSIM {EA1 CC {f B4R
PES IR 0.6126+ 0.9174 1 0.9661, X3 BAE AT SAR HE U T P AR5 i 46 B 1 () S5 M TR AR
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